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The mesopelagic zone (– m depth) contains high fish species diversity but biomass and abundances are uncertain yet essential to
understand ecosystem functioning. Hull-mounted acoustic systems (usually  kHz) often make assumptions on average target strength (TS)
of mesopelagic fish assemblages when estimating biomass/abundance. Here, an unsupervised clustering algorithm was applied on broadband
acoustic data (– kHz), collected by a towed instrumented platform in the central Northeast Atlantic, to identify different mesopelagic target
types based on similarity of individual TS spectra. Numerical density estimates from echo-counting showed spatial differences in vertical distri-
bution patterns of the different target types and TS spectra data suggested that >% of the gas-bearing targets had high resonance frequencies
(> kHz) with low scattering strength at  kHz. This conceptual study highlights the importance of separating targets into different target
groups to obtain correct backscatter information and to account for all relevant scatterers when estimating average TS at  kHz, in order to
achieve more accurate biomass/abundance estimates. It furthermore demonstrates the use of a towed broadband acoustic platform for fine-
scale numerical density estimates as a complementary method to hull-mounted acoustic data to increase knowledge on mesopelagic ecosystem
structure.
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Introduction
The mesopelagic zone ranging from 200 to 1000 m depth poten-
tially possesses high abundance and biomass of fish (Gjøsæter and
Kawaguchi, 1980; Irigoien et al., 2014; Davison et al., 2015; Proud et
al., 2019) and also crustaceans, squids, and jellyfish are present. A
proportion of the mesopelagic fauna performs diel vertical migra-
tion (DVM) (Gjøsæter and Kawaguchi, 1980; Klevjer et al., 2016),
feeding in the euphotic zone during night while descending to
deeper depths at dawn to hide from visual predators (Hays, 2003).
This behaviour leads to active transport of carbon from upper
waters to the deep ocean (e.g. Robinson et al., 2010; Davison et
al., 2013), contributing to carbon sequestering. Mesopelagic organ-
isms have mostly been studied throughout the oceans in the con-
text of the so-called deep scattering layers (DSLs), i.e. layers that
are identified by their ability to scatter sound. The vertical dis-
tribution of these DSLs varies geographically and can range from
tens to hundreds of metres vertically and can continue for tens to
thousands of kilometres horizontally (Irigoien et al., 2014; Klevjer
et al., 2016, 2019). The vertical position of DSLs has been linked
to various environmental parameters such as oxygen concentra-
tion (Bianchi et al., 2013; Klevjer et al., 2016) and light intensity
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(Aksnes et al., 2017). Furthermore, there can be more than one
DSL within the mesopelagic zone, most likely constituted by differ-
ent species and/or types or sizes of organisms (e.g. Andreeva et al.,
2000; Dypvik et al., 2012; Ariza et al., 2016). When DSLs are iden-
tified from acoustic data obtained with low-frequency (i.e. 18 and
38 kHz), hull-mounted transducers, the identification and delin-
eation of these DSLs are inherently biased towards layers containing
organisms with gas inclusions (Klevjer et al., 2012; Underwood et
al., 2020), since these organisms tend to give stronger echoes at low
frequencies.
Acoustic techniques are non-extractive, and hull-mounted nar-
rowband acoustic systems are often used in both epipelagic and
mesopelagic studies to measure backscattering from fish and other
organisms as a proxy for abundance and/or biomass (Simmonds
and MacLennan, 2005). One limitation of sound transmitted from
surface waters is that it is generally not possible to isolate the
backscatter from individual organisms in deep waters, as the vol-
ume of the acoustic beam increases with depth (Simmonds and
MacLennan, 2005) (a transducer with an opening angle of 7◦ will
have a beam diameter of ∼61 m at 500 m, a typical depth of
DSLs), and as the backscatter originates from an assemblage of or-
ganisms, each of which may have very different acoustic proper-
ties. Another limitation is absorption by water (Francois and Gar-
rison, 1982a, 1982b), which limits the working range of higher
frequencies (i.e. >∼100 kHz; for the echosounders that we have
used, a frequency of 120 kHz with the transmit power of 250 W
will have a working range of ∼300 m, though dependent on noise
from e.g. rain and wind-induced waves (Furusawa, 2015)) (Sim-
monds and MacLennan, 2005). While this is not a problem when
studying the epipelagic zone, only lower frequencies (typically 18
and 38 kHz) can reach the deep part of the mesopelagic zone
from the surface. The absorption issue can be avoided by apply-
ing towed platforms equipped with acoustic instruments to obtain
high-frequency acoustic measurements of individual mesopelagic
organisms also in deep waters (e.g. Kloser et al., 2016; Bassett et al.,
2020). This approach will furthermore increase the possibility of
getting backscatter measurements of single targets inside the acous-
tic beam.
Target strength (TS), i.e. the logarithmic measure of the pro-
portion of acoustic energy that a single target backscatters to the
acoustic source (Simmonds and MacLennan, 2005), depends on
an organism’s material properties (density and sound speeds), size,
shape, and orientation in relation to the incoming sound pulse
(Faran Jr, 1951; Hickling, 1962; Stanton et al., 1998). For organ-
isms with a gas inclusion (like swimbladdered fish or physonect
siphonophores), the gas bladder is the main reflector and usu-
ally accounts for more than 90% of the total backscattered energy
(Foote, 1980). Information on organisms’ TSs is crucial, as the to-
tal backscattering energy from aggregations of organisms, together
with the mean TS of the assemblage, are used to estimate abundance
(Simmonds and MacLennan, 2005). Of particular importance in
the use of acoustics to estimate the abundance of mesopelagic fish
is the influence of acoustic resonance. For a “resonant” organism,
TS peaks at the resonant frequency, resulting in a TS significantly
higher than that for a non-resonant organism. Yet, TS changes
very rapidly close to the resonance frequency, which in practice
makes it difficult to assign TS values to “resonant” organisms, since
very small changes in size of gas inclusion, pressure (i.e. depth),
and material properties can give rise to very large changes in TS
(e.g. Kloser et al., 2016; Proud et al., 2019). Swimbladder reso-
nance could further cause bias in biomass/abundance estimates as
small swimbladdered fish could cause an increase in backscatter.
On top of this, acoustically weaker targets may be overlooked due
to the strong backscattering from “resonant” organisms, thus fur-
ther leading to wrong estimates of actual abundance and biomass of
mesopelagic communities (Underwood et al., 2020). Newer studies
estimate average TSs by different approaches using literature values
(e.g. Irigoien et al., 2014) or trawl catches in connection with acous-
tic backscattering models (e.g. Davison et al., 2015; Proud et al.,
2019). As catches from mesopelagic depths rarely consist of a sin-
gle species or type of organism (Ariza et al., 2016; García-Seoane et
al., 2021), separating backscatter information into different types of
organisms (i.e. “target types”) and obtaining TSs for these different
groups would increase the possibility of obtaining more accurate
abundance and biomass estimations of mesopelagic communities.
Multifrequency acoustics are frequently used to distinguish be-
tween major scattering groups based on their relative frequency
response at discrete frequencies (Korneliussen and Ona, 2002;
Korneliussen et al., 2016). The obtained frequency response in-
formation is usually not adequately detailed to separate acousti-
cally similar species or different size groups of a single species (De
Robertis et al., 2010). In comparison, broadband acoustics can pro-
vide high-resolution frequency response data (i.e. “acoustic finger-
prints”), which potentially can be used for identification and sepa-
ration of different organismal types and to identify regions where
resonance occurs (e.g. Horne, 2000; Stanton et al., 2010; Bassett
et al., 2018, 2020). Combined with scattering models, the mea-
sured broadband frequency response data can further be used to
explore physical characteristics of the organism (e.g. body flesh
density and swimbladder radius; Khodabandeloo et al., 2021). Fur-
thermore, the higher range resolution (compared to narrowband
acoustic systems) obtained through matched filtering (Lavery et al.,
2009; Stanton et al., 2010) can enable separation of single targets
at close ranges when targets are not too dense inside the acous-
tic beam. Resolving single targets/echoes makes it possible to es-
timate numerical densities through echo-counting (e.g. Simmonds
and MacLennan, 2005; Kloser et al., 2016; Cotter et al., 2021b)
as a supplement to hull-mounted acoustic abundance estimates.
The increased backscattering information obtained from broad-
band acoustic systems can eventually be used to study behaviour
and distribution patterns of different target/organismal types in situ,
e.g. along spatial gradients, thereby adding to our limited knowl-
edge on mesopelagic ecosystems.
Identifying single broadband acoustic targets manually is, how-
ever, very time-consuming and furthermore not objective. Unsu-
pervised clustering algorithms, where data are grouped according
to similarity (e.g. Peña, 2018), could be an alternative approach in
identifying patterns in big data, like broadband acoustic data, and
being particularly beneficial for data interpretation when, for ex-
ample, net data, for ground-truthing of the acoustic measurements,
are not available.
The focus of this paper is to demonstrate the application of an
unsupervised machine learning algorithm (clustering) on in situ
measured broadband TS spectra from gas-bearing mesopelagic or-
ganisms obtained from a towed platform at depths ranging from
surface to 1000 m. Different acoustic target types were identified
based on similarities of TS spectra and a viscous–elastic scatter-
ing model applied to estimate resonance frequency of the different
target types. The vertical distribution of organisms with different
acoustic properties has implications for interpretations of acoustic
data from hull-mounted transducers, so we additionally evaluate
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Figure 1. Map of cruise track (black line) and stations where
MESSOR collected acoustical data (southern region: red triangles,
n = ; central region: magenta triangles, n = ; and northern region:
blue triangles, n = ).
hull-mounted systems. We furthermore present the applicability of
this approach in combination with echo-counting to obtain esti-
mates on numerical densities and distribution patterns of organ-
isms in the mesopelagic zone as a supplement to hull-mounted
acoustic data. This information can add to our understanding of
spatial structures of mesopelagic communities, and ultimately be
used to investigate which acoustic groups of mesopelagic organ-
isms that perform DVM and to study organismal-facilitated ac-
tive carbon transport. Furthermore, this enables us to better un-
derstand the relative importance of resonance in measurements of
acoustic backscattering intensity at different frequencies, and to es-
timate abundance and biomass of mixed assemblages, which may
lead to robust interpretations of patterns in hull-mounted acoustic
data.
Material and methods
Data used in this paper were collected during a research cruise in
the eastern part of the Mid-Atlantic Ocean from Cape Verde to Bay
of Biscay (17◦N 25◦W to 48◦N 8◦W) (Figure 1) onoard R/V Kron-
prins Haakon (Norwegian Institute of Marine Research) from 2 to
22 May 2019. The objective was to advance our understanding of
the mesopelagic ecosystem along latitudinal and longitudinal gra-
dients in the studied area.
Acoustic measurements
Acoustic data collected by towed platform
At each station (n = 15) marked in Figure 1, a towed acous-
tic platform (MESSOR; Knutsen et al., 2013) was deployed to
measure backscattering intensity from organisms throughout the
mesopelagic zone. MESSOR was equipped with a four channel
echosounder [Simrad EK80 WBT Tubes operating at nominal fre-
quencies of 38 (narrowband, broadband mode was not an option)
and 70, 120, and 200 kHz (broadband)], but only data from 70 kHz
(50–80 kHz) were used here. The transducers were mounted on
the bottom plate of MESSOR, facing downwards. See Supplemen-
tary Table S1 for data collection settings and Khodabandeloo et al.
(2021) for further details, including calibration of MESSOR. A
CTD (Seabird SBE 49 FastCAT) mounted on MESSOR was oper-
ated throughout the deployments and used to estimate density and
sound speed of the surrounding seawater as a function of depth.
MESSOR was towed behind the ship obliquely from 0 to 1000 m
depth with a speed of 4 knots, measuring both during descend and
ascend. At most stations, MESSOR was deployed to cover the tran-
sition from night to daytime. To separate day from night data, the
sun angle (altitude) was calculated for each measurement by us-
ing information on position (date, time, latitude, and longitude)
by using the package “oce” in R statistical software (R Core Team,
2018; Kelley and Richards, 2020). Day and night were defined as sun
angle being > 0◦ and < 0◦ relative to the horizon (i.e. altitude), re-
spectively. We only obtained both night and daytime measurements
throughout the mesopelagic zone at three stations, and the remain-
ing stations did not have both a complete day and night vertical
profile.
Hull-mounted acoustic data
Narrowband acoustic data were collected at 18, 38, and 70 kHz by
the vessel’s hull-mounted Simrad EK80 echosounder system both at
stations and along the cruise transect (at a vessel speed of 10 nmi).
Calibration of the system was conducted using standard methods
(Demer et al., 2015) with a 38.1-mm-diameter tungsten carbide
(with 6% cobalt binder) sphere. See Supplementary Table S2 for
settings and calibration parameters. Spike noise from the acoustic
Doppler current profiler on the trawl and Scanmar on the Multinet
(which both were deployed at each station), were removed by apply-
ing noise filters using the software LSSS, version 2.8.0 (Large Scale
Survey System, Korneliussen et al., 2016). Noise from false bot-
tom and surface bubbles were removed by manual scrutiny in LSSS.
Backscattering data were afterwards integrated in 5-meter verti-
cal by 10 minutes horizontal bins at a mean volume backscattering
strength (Sv, dB re 1 m–1) threshold of −85 dB re 1 m–1. After inte-
gration, the backscatter data were corrected for errors caused by the
nominal sound-absorption coefficient and sound-speeds used in
LSSS (LSSS permits only a single, static value for sound-absorption)
following Haris et al. (2021). These corrections were based on dy-
namic, vertical profiles of sound-speed and absorption (Francois
and Garrison, 1982a, 1982b) calculated from vertical profiles of
temperatures and salinities recorded at the stations by a SBE 911plus
CTD (Sea-Bird Electronics, WA, USA), with values interpolated be-
tween stations.
For each MESSOR deployment, we created a corresponding ver-
tical profile of backscatter from the hull-mounted echosounders.
As MESSOR was towed behind the vessel, it would have been
about 11 min behind the vessel when MESSOR was at its deepest
(1000 m). Hence, the data from MESSOR and the hull-mounted
acoustic system were not exactly concurrent, and the spa-
tial/temporal mitch-match was dealt with by averaging the inte-
grated hull-mounted data recorded within 10 m vertical and 1 hour
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Table 1. Settings used to automatically detect single targets using the
acoustic analytical software LSSS.
Target detector settings
Minimum TS (dB) − 
Pulse length determination level (dB) 
Minimum echo length (relative to pulse length) 
Maximum echo length (relative to pulse length) 
Max (one way) gain compensation (dB) 
Frequency resolution (kHz) 
Automatic target extent window for fast Fourier transformation was
used as spectrum extraction setting.
Analysing acoustic data from MESSOR
Acoustic data obtained from MESSOR (15 deployments, Figure 1)
were analysed using LSSS. Data from the echosounder channel with
the nominal frequency of 70 kHz (50–80 kHz) were processed to
yield in situ measurements of TS as a function of frequency [TS(f);
henceforth “TS spectra”] of mesopelagic organisms. This frequency
range was chosen as this was the lowest frequency band where
broadband measurements were available. We automated the tar-
get detection by applying a single echo detection algorithm (Ona,
1999) in LSSS (for detection settings, see Table 1). Echoes that had
a weaker TS in the 54–78 kHz band were rejected to remove echoes
from weaker scatterers such as crustaceans and jellyfish. Inspection
of TS histograms of data from the 70 kHz band showed local min-
ima at −68 dB re 1 m2, which was hence chosen as a TS threshold to
separate strong and weaker targets (i.e. at least one TS value within
the frequency band must have the value of minimum −68 dB re
1 m2 to be accepted as a target). The remaining TS spectra were
likely from gas-bearing targets and/or large non-swimbladdered
fish (e.g. Stanton et al., 2010; Davison, 2011). We did not reject
echoes based on phase deviation of samples to lessen the poten-
tial impact of rejecting echoes from regions with high densities of
targets.
TS values for all individual targets and the TS spectra were ex-
ported in 1 kHz frequency resolution and post-processed in RStu-
dio statistical software (R Core Team, 2018). Target data were sub-
setted to include only data from a range of 9–12 m from MESSOR.
This shorter range was chosen to avoid possible avoidance very
close to MESSOR, as observed for mesopelagic fish in relation to
a profiling acoustic probe (Bernardes et al., 2020), although there
could potentially have been avoidance from larger fish at the cho-
sen range. The longer range was chosen to avoid bias in densities
caused by overlapping echoes or reduction in detection probabili-
ties of echoes as a consequence of changes in signal-to-noise ratios
(e.g. Mulligan, 2000).
Cluster analysis
The absolute TS spectra for all targets, i.e. every single TS mea-
sured at each frequency in 1-kHz frequency resolution, were plot-
ted in a histogram to investigate the dataset further. Based on the
histogram, it was decided to remove targets where the TS spectra
had values that exceeded the +/− 0.5 percentiles of the raw data to
remove possible noise/outliers. That is, if a target’s frequency spec-
trum had TSs included, which were outside of the minimum and
maximum TS values (0.5th and 99.5th percentiles, per “discrete” fre-
quency), the target was excluded from the dataset. The filtered data
were used for further analysis (n = 67192 targets). We have acoustic
data from both night and day, and hence, some mesopelagic organ-
isms that perform DVM will be present in the upper 200 m dur-
ing night. Therefore, all detected targets between the surface and
1000 m depth were included in the clustering analysis.
Among many popular clustering techniques (spectral cluster-
ing, mean shift, k-means, affiliation propagation, Gaussian mixture
clustering, DBSCAN, and HDBSCAN, etc.), we use the hierarchical
agglomerative clustering (AC) algorithm for its merits of (i) scala-
bility to large datasets, (ii) efficiency with an optimized time com-
plexity of O(n2 log n ), (where complexity O is the complexity of the
algorithm given input size n), and (iii) empirical outperformance
over other methods on our experimental data. The AC algorithm
starts off by having each observation (n) as a single object/cluster
(singleton) and proceeds to merge the most similar clusters until a
stopping criterion, such as a decided number of clusters, is met (e.g.
Jain et al., 1999; Javed et al., 2018). Empirically, we set Ward’’s link-
age that minimizes the variance of the clusters being merged (Ward,
1963). Here, we applied an elbow algorithm (e.g. Subramaniyan et
al., 2020) using 2–30 clusters for a proper number of clusters that
measures the compactness of the clustered results. For the cluster-
ing and elbow analyses, frequency response [r(f)] data for each tar-
get (n = 67192) were normalized relative to r(f) at 70 kHz, when
TS70 was set to zero and targets were divided into cluster types based
on their r(f). Note that this is mathematically an affine mapping op-
eration, which keeps shape and slope of their r(f) unchanged hence
highlighting the shape and slope in the clustering process.
Spatial distribution of target types
The vertical and horizontal distributions of the different TS spec-
tra types were investigated throughout the studied area in the
mesopelagic zone during day and night. Echo-counting was applied
to the clustered data from all 15 MESSOR stations, yielding esti-
mates of in situ numerical densities per cluster.
Since the clustered single echo detections were obtained within
the 3-dB beam width (i.e. with a one-way beam compensation of
less than 3 dB), we estimated organism densities per ping (ρ):
ρ = nsed
nping × V obs , (1)
where nsed is the number of detected single echoes, nping is the num-
ber of transmitted sound pulses, and Vobs is the sampled volume,
which was estimated as the volume of a cone, based on the nominal
transducer 3-dB beam width. The per ping estimates of organism
densities were averaged over 30 second intervals to produce datasets
of reduced resolution and variability. Density data are shown with
10-m vertical resolution.
Resonance frequency estimates
We only used a relatively narrow frequency range to identify the
different cluster types but TS frequency response and level of the
selected targets suggest that they were from gas-bearing (i.e. swim-
bladdered) fish. Thus, to estimate the frequency responses of gas-
bearing targets over a wider frequency range to obtain an estimate
of resonance frequencies of the different cluster types, we applied
the viscous–elastic scattering model presented in Khodabandeloo
et al. (2021). We did not fit the model to the average TS spectra of
all targets of a cluster type, but randomly selected single targets sit-
uated within the centroids of each cluster type for the model fitting
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types. The model was fitted to the TS spectra measured from
60 to 76 kHz. Due to small swimbladder size and being in deep wa-
ter, this frequency range is close to the resonance of mesopelagic
species (Khodabandeloo et al., 2021). The swimbladder accounts
for most of the backscattering near the resonance frequency re-
gion (Foote, 1980; Feuillade and Nero, 1998). Furthermore, since
the resonance region is not significantly sensitive to the swimblad-
der shape (Feuillade and Nero, 1998; Ye and Hoskinson, 1998), we
applied a spherical backscattering model for all the targets to es-
timate the swimbladder volume. To fit the model around the res-
onance area (Khodabandeloo et al., 2021), swimbladder size [i.e.
equivalent spherical radius (ESR)] and flesh viscosity were the two
tunable model parameters, and depth of the targets were used to es-
timate the gas density inside the swimbladder. For details on model
parameters and fitting, see Khodabandeloo et al. (2021). Estimating
resonance frequencies enabled us to evaluate the vertical distribu-
tion patterns of the different cluster types with that of the backscat-




The elbow algorithm resulted in an optimal cluster number of seven
(see Supplementary Figure S1), and this number was subsequently
used when performing the AC algorithm. The corresponding seven
(average) frequency responses for each of the cluster types are dis-
played in Figure 2. For visualization, the AC result is plotted in a
Principal Component Analysis (PCA) space (Supplementary Fig-
ure S2).
Some of the cluster types have similar average r(f) spectra, i.e.
similar shapes [e.g. decreasing r(f) with increasing frequency] but
differed in TS ranges and resonance frequencies (Figure 2 and
Table 2). As the TS spectra assigned to each of the seven cluster
types all are average TS spectra, there can be large differences be-
tween TS spectra within one cluster type, which is also evident in
the PCA space where it is apparent that there are some overlap be-
tween “neighbouring” cluster types (Supplementary Figure S2).
The dominating cluster/target type from 200 to 1000 m depth
throughout the cruise was C6, followed by C1, C0, and C2
(Table 2). The less abundant types, not considering C3, were C4 and
C5 targets, which occurred in similar numbers. C3 did not have a
clear resonance peak and due to the low contribution (close to 0%)
to the total targets in the mesopelagic zone (Figure 2 and Table 2),
C3 will not be considered in the following.
Resonance frequency estimations of cluster types
The viscous–elastic scattering model developed by Khodabandeloo
et al. (2021) was applied on in situ measured TS spectra of targets
(n = 5 per cluster) to estimate resonance frequencies for the cluster
types (Figure 3). Displayed targets were detected from 302 to 923 m
depth and had estimated swimbladder ESR ranging from 0.214 to
0.767 mm.
Based on the fitted model, it is evident that ∼30% (C2, C4, and
C5) of the randomly chosen targets from all cluster types (n = 5
per cluster type) had low TSs at 38 kHz (Figure 3 and Table 2).
Of the chosen targets, the cluster types C4 and C5 had reso-
nance within the frequency window, whereas C2 had increasing TS
with frequency (Figure 3), i.e. resonance at frequencies >76 kHz.
Together, these clusters (C2, C4, and C5) represent less than 30% of
all registered echoes (Table 2). However, also some of the random
targets of cluster types C0, C1, and C6 showed estimated resonance
frequencies >38 kHz, leading us to estimate that more than 30% of
targets had resonant frequencies higher than 38 kHz.
Spatial variation in hull-mounted acoustic backscatter
The vertical distribution of mesopelagic backscatter differed be-
tween the three different frequencies (18, 38, and 70 kHz) from the
hull-mounted acoustic data (Figure 4). Based on the structure of
the mesopelagic backscatter along the transect, three different areas
were inferred regarding vertical distribution patterns of DSLs and
intensity of backscattering strength: south (stations 118 and 119,
south of 20◦N), central (stations 120–130, 25–37◦N) and north (sta-
tions 132–136, north of 40◦N).
Vertical distribution of cluster types in the mesopelagic
zone
Night-time profiles from MESSOR were available at all but three
stations, whereas only five daytime profiles were fully covered.
Therefore, comparisons between day- and night-time vertical dis-
tribution patterns for single stations are difficult. Accordingly,
backscattering data [Nautical Area Scattering Coefficient (NASC;
m2 nmi–2) from hull-mounted] and numerical density estimates
(MESSOR) were merged per instrument for the three different ar-
eas mentioned above (south, central, and north), and furthermore
separated into day- and night-time profiles (Figures 5–7) for better
comparison of hull-mounted and MESSOR data. See e.g. Supple-
mentary Figure S4 for vertical distribution and numerical densities
at each station (from MESSOR profiles). Cluster type C3 constituted
0.04% of total densities and are therefore not included in the result
section.
The southern region only consists of two MESSOR stations and
only a single night profile, which makes it difficult to compare day
and night vertical distribution patterns due to some differences
in the vertical distribution patterns of targets between st.118 and
119 (see e.g. Supplementary Figure S4). Nonetheless, it is apparent
that the densities in the mesopelagic zone are lower during night
than day at st.118, where both a day and night profile are avail-
able (Supplementary Figure S4, Figure 5a and c). The lower nu-
merical density of targets during night compared to daytime sup-
ports DVM as also observed in the hull-mounted data (Figures 4
and 5a and c). During daytime, the two most abundant cluster types,
C6 and C1, occurred mainly in two distinct layers corresponding
to DSL1 (highest densities of C6) and DSL2 (highest densities of
C1) observed in the hull-mounted data (Figures 4 and 5a). C0 tar-
gets also had relatively high densities during day and peaked in
DSL2, slightly deeper than the peak of C1 targets. C2 targets peaked
in DSL1, slightly deeper than the peaks of C1 and C6 targets. C4
peaked in the upper part of DSL2.
Compared to the south, the vertical distribution patterns of
targets differed in the central region where one main DSL1 was
present. Total numerical densities were very similar during day and
night (Figure 6a and c), suggesting little DVM. Overall, C6 targets
had highest densities and peaked within the DSL1 (measured at
38 kHz, Figure 4). As opposed to the south, C6 targets occurred
slightly deeper than the other target types. Cluster types C0, C1, C2,
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Figure 2. Left graph displays average frequency response [r(f)] spectra of the seven cluster types C–C relative to TS measured at  kHz
(TS). Contribution of each cluster type to the total (n = ) numbers of targets detected from  to  m depth is listed. Right graph
displays the corresponding TS spectra of cluster types C–C. For each identified cluster type, we define the cluster spectrum as the average
value per frequency, i.e. for the r(f) spectra (left panel), each line represents the per frequency average r(f) and for the TS spectra (right panel),
each line represents the per frequency average TS for each cluster. Note that colours for the different clusters are not corresponding to the
colours in Supplementary Figure S. For the relative contribution and numbers of the cluster types in the mesopelagic zone, see Table .
Table 2. Cluster types – listed from the most to less dominating throughout the cruise from  to  m depth.
Cluster/target type Shape TS range (dB) Resonance frequency
C (n =  , .%) Decrease with frequency − to − < kHz
C (n = , .%) Decrease with frequency − to − < kHz
C (n = , .%) Decrease with frequency − to − < kHz
C (n = , .%) Increase with frequency − to − > kHz
C (n = , .%) Peak within window − to − Between  and  kHz
C (n = , .%) Peak within window − to − Between  and  kHz
C (n = , .%) “v”-shaped − to − No clear peak
A total of  targets were detected – m from MESSOR and the numbers detected for each target type are stated in parentheses, together
with the relative contribution (%). The shape, TS range (rounded to nearest kHz) and resonance frequencies of the average TS spectra inside the
frequency window (– kHz; Figure ) are reported.
daytime. These cluster types peaked in densities between ∼470 and
520 m depth, associated with DSL1 (Figure 4). Lower density peaks
were observed ∼600–650 m depth.
In the northern region, densities of targets were generally lower
(Figure 7a and c) compared to the south and central. Overall, C6 tar-
gets dominated with peak densities at similar depth day and night.
During day, C6 targets were present in two DSLs (DSL1 and DSL2)
but one main layer at night (DSL2). Densities of the other target
types were very low and in general similar day and night for all
the target types, indicating little DVM as also observed in the hull-
mounted data (Figures 4 and 7a and c). The second most abun-
dant target type was C2, which showed increasing densities below
∼800 m depth.
Comparing backscatter measured by hull-mounted and
towed acoustic systems
Similar for all regions was that distribution patterns of C6 tar-
gets seem to correspond with backscattering measured by the hull-
mounted 38 kHz, whereas the remaining target types (most evi-
dent when for example looking at densities of C0, C1, C2, and C4
targets in the central region), followed the backscatter measured by
the hull-mounted echosounder at 70 kHz (Figures 5–7). In general,
hull-mounted 18 kHz NASC data did not correlate with high den-
sities or NASC values obtained from MESSOR for any cluster type.
For example, during night-time in the southern region and daytime
in the northern, backscatter at 18 kHz was substantial from ∼200 to
400 m depth, but this was not at all evident in the density estimates
from MESSOR (Figures 5d and 7b).
The hull-mounted backscattering data measured at 70 kHz were
in overall good agreement with the 70 kHz MESSOR data in the
upper 560 m where hull-mounted 70 kHz data were available (see
e.g. Figures 5b and 6b and d). The densities estimated from 70 kHz
MESSOR data were decoupled from the NASC patterns of the hull-
mounted 38 and 18 kHz transducers (Figures 5–7).
Discussion
Target identification
Previous studies have suggested the possibility of applying broad-
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Figure 3. In situ measured TS (dB re  m) as a function of frequency (kHz) (TS spectra, blue line) for randomly chosen single targets close to
the centroids of each cluster type (five targets per cluster type) measured from  to  kHz. Model fitting (red line) of the viscous–elastic
scattering model presented in Khodabandeloo et al. () to the measured TS spectra. The resulting ESR of the swimbladder (RESR), together
with depth (m) of each target is stated. No C targets were situated close to the centroid. See Supplementary Figure S for in situ examples of
wideband ( + – kHz) single TS spectra.
groups in situ (e.g. Stanton et al., 1996; Bassett et al., 2020). Here, we
demonstrate the utility of broadband acoustic data, in connection
with an unsupervised clustering algorithm, in objectively describ-
ing and decomposing patterns of spatial structure and abundances
of acoustic categories. Clustering algorithms objectively identify
patterns in the data (e.g. Jain et al., 1999), and various cluster-
ing analyses have previously been applied on different types of
acoustic data (Peña, 2018; Proud et al., 2018). AC separates tar-
gets based on patterns in their r(f), which is clear when looking
at the randomly chosen single targets in Figure 3. Some cluster
types overlap in the PCA space, indicating similar r(f) and reso-
nance frequencies. The shape of r(f)s were similar for C0, C1, and
C6, but TS spectra slightly different (Figure 2). Yet, when com-
paring the model-fitted r(f)s of the random targets of these clus-
ter types, it is evident that the targets have overlapping swimblad-
der sizes and a wide range of resonance frequencies (<60 kHz)
(Figure 3).
As a trade-off between time consumption and handling big data,
target r(f)s were generated from TS’s automatically detected using a
single echo detection algorithm (Ona, 1999) in the program LSSS.
We reduced the probability of having more than one target in the
acoustic beam by only including targets 9–12 m away from MES-
SOR. However, the deep null in the r(f) of C3 targets might be an
indication of that some targets could not be separated [see Figure 2
and Supplementary Figure S3d in current paper and e.g. Figure 2 in
Khodabandeloo et al. (2021)]. A similar r(f) was described as “com-
plex” by Bassett et al. (2020) who also looked at r(f) of mesopelagic
fish from broadband acoustic measurements. C3 targets stood out
in the AC results when plotted in PCA space, but only contributed
0.04% to the total number of targets in the mesopelagic zone.
We cannot exclude that larger swimbladdered fish, generally ca-
pable of higher swimming speeds than smaller fish (Bainbridge,
1958) and which would have lower resonance frequency, might
have avoided MESSOR. The vertical distribution of backscatter at
18 kHz (observed from the hull-mounted acoustics) had peaks
from 200 to 600 m depth in all regions, but these backscattering
peaks were not observed in neither 38- nor 70 kHz hull-mounted,
nor were these backscattering peaks at 18 kHz accompanied by
peaks in organismal densities detected by MESSOR at 70 kHz.
This high backscatter measured at 18 kHz could thus potentially
be an indication of avoidance behaviour from organisms with res-
onance frequency close to 18 kHz and highlights the frequency-
dependent nature of mesopelagic backscatter. This is further sup-
ported by observed DVM patterns at 18 kHz, even in the cen-
tral region where MESSOR data indicates little DVM. Nonethe-
less, when comparing our in situ numerical density estimates
with those estimated from trawl catch data, estimates obtained
from echo-counting (current study) result in higher densities com-
pared to those obtained from trawls [Supplementary Table S1 in
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Figure 4. Echograms from hull-mounted acoustic measurements along the cruise track from south to north (Figure ) showing backscattering
strength (Sv, dB re  m–) both day and night at , , and  kHz (from top to bottom panel). Due to absorption,  kHz only reaches to
∼ m depth. DSLs in the mesopelagic zone are indicated as DSL (upper DSL) and DSL (deeper DSL). Station locations shown on top.
qualitative data for ground-truthing but indeed suffer from extru-
sion of smaller species through nets and potentially from avoidance
by larger individuals (Kaartvedt et al., 2012; Olivar et al., 2017).
Abundance and biomass estimation of mesopelagic
communities and the implication of resonance
Due to the ubiquity of 38 kHz transducers, as well as the capabil-
ity of this frequency to cover the entire mesopelagic zone, many
studies have used and continue to use hull-mounted 38 kHz data
to estimate abundance and biomass of mesopelagic fish (Irigoien
et al., 2014; Proud et al., 2019; Haris et al., 2021), as well as to de-
scribe vertical distribution and migration of mesopelagic organisms
(e.g. Klevjer et al., 2016, 2019). Previous studies have linked distri-
bution patterns of mesopelagic organisms to biological and phys-
ical parameters based on acoustic data collected at 38 kHz (e.g.
Klevjer et al., 2016; Aksnes et al., 2017). Although widely used in
ecological studies, 38 kHz does not capture all macroplankton and
micronekton components of the mesopelagic community equally
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(a) (b)
(c) (d)
Figure 5. Density (ind. m–) distributions of the seven cluster types based on echo-counts from MESSOR in the southern region during day (a)
and night (c). (b) day- and (d) night-time backscatter (nautical area scattering coefficient; NASC, m nmi–) for the seven cluster types and
hull-mounted data in the southern region. In (b) and (d), the black broken line shows vertical distribution of  kHz backscatter seen from the
hull-mounted transducer, within an hour of the MESSOR deployment. The grey broken line is  kHz data, and the blue broken line  kHz
data. NASC-values for the different cluster types are synthetic, i.e. estimated based on in situ densities (echo-counting) and TS measurements
obtained from MESSOR data. The red line shows synthetic  kHz NASC estimates when all clusters are combined. Legends in (a) and (c) show
the different clusters, their integrated abundances (– m; ind. m–), and their relative importance (%). Legends in (b) and (d) show
absolute and relative cluster contribution to total NASC in the depth range.
correlations between some mesopelagic organismal groups and the
surrounding environment.
One issue in the current (and long-held) “mesopelagic acous-
tic paradigm” is that the use of data from hull-mounted 38 kHz
transducers for assessment of mesopelagic biomasses is problem-
atic, due to resonance effects caused by both mesopelagic fish and
siphonophores. Previous studies have tried to assess the implica-
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(a) (b)
(d)(c)
Figure 6. Density (ind. m–) distributions of the seven cluster types based on echo-counts from MESSOR in the central region during day (a)
and night (c). (b) day- and (d) night-time backscatter (NASC, m nmi–) for the seven cluster types and hull-mounted data in the central
region. See Figure  for details.
38 kHz data by modelling TS distributions using size-distributions
from either catches (e.g. Davison et al., 2015) or modelling efforts
(Proud et al., 2019). Evaluating in situ densities of organisms, es-
timated by echo-counting, against results from hull-mounted data
(Kloser et al., 2009; Kloser et al., 2016; Cotter et al., 2021b) is an al-
ternative approach that, when combined with information on the
frequency response of the organisms, can be used to assess the
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(a) (b)
(d)(c)
Figure 7. Density (ind. m–) distributions of the seven cluster types based on echo-counts from MESSOR in the northern region during day (a)
and night (c). (b) day- and (d) night-time backscatter (NASC, m nmi–) for the seven cluster types in the northern region. See Figure  for
details.
(Kloser et al., 2016). The advantage of this method is that tar-
gets are directly counted from acoustic measurements, and the
frequency response of the target directly can indicate the res-
onant frequency of the air-inclusion, although that would re-
quire broadband acoustic measurements at lower frequencies than
applied in the current study. Echo-counting could though be prone
to suffer from avoidance, since short ranges are needed in order
to resolve individual targets. Yet, applying broadband acoustic data
for echo-counting likely enables inclusion of targets further away
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resolution (e.g. Stanton et al., 2010). Abundance and biomass esti-
mations depend on correct assumptions regarding backscattering
properties of the different organismal groups, and that the general
community composition is known. Mesopelagic scattering layers
are likely comprised of a mix of different species and organismal
groups (e.g. Ariza et al., 2016; Figures 5–7 in the current study).
As shown in the present study and by Bassett et al. (2020), a frac-
tion of mesopelagic micronektonic targets may either have “reso-
nant backscattering” peaking at higher frequencies, or not have air-
inclusions. Both groups may have low TS at 38 kHz and they may
therefore contribute very little to scattering at 38 kHz (Underwood
et al., 2020).
In field studies, one will always have to make a trade-off between
sampling costs (in effort and money) and the quality of the data. The
present results highlight two separate problems with using single
frequency data to estimate mesopelagic biomass/abundance: one
being the lack of knowledge on acoustic properties of mesopelagic
organisms, the second being that the low frequency data (needed to
penetrate the mesopelagic zone) will be better suited to observing
a subset of the mesopelagic biomass, and is in practice likely to
be dominated by those organisms with gas inclusions in the right
size range. Studies from both the southern ocean (e.g. Dornan et
al., 2019; Escobar-Flores et al., 2020) and the north Atlantic (Klev-
jer et al., 2019) have described strong gradients in mesopelagic
backscatter over areas with more or less constant levels of biomass
of mesopelagic fish, highlighting the importance of gradients in
scattering properties at higher latitudes. While the current state of
knowledge about acoustic properties of mesopelagic organisms can
be improved by more sampling and studies, ultimately allowing us
to produce better estimates of TS for the organisms we observe with
the acoustics, the “visibility bias” lead to overlooking targets that
are weaker scatterers at lower frequencies and could potentially
bias our understanding of global mesopelagic distribution patterns.
In a similar study from the western Atlantic, Cotter et al.
(2021a) looked at broadband spectra (25–40 kHz) of mesopelagic
organisms obtained from a towed acoustic platform and applied
a physics-informed machine learning algorithm to group targets,
and they point out that classification of a gas-bearing target or a
fluid-filled organisms (in the latter’s geometric scattering regime),
can be ambiguous. TS histograms from mesopelagic depths indi-
cated a local numerical minimum close to a TS of −68 dB re 1 m2
at 70 kHz, which we therefore applied as TS threshold to separate
stronger (likely gas-bearing) from weaker (e.g. crustaceans) targets.
We cannot exclude though, that some of the detected targets in the
present study, e.g. cluster type 2 (C2; Figures 2 and 3), could be large
fluid-filled targets such as non-swimbladdered fish [see e.g. Figure
2 in Davison (2011)].
Here, we only focused on stronger acoustic targets (i.e. organ-
isms with a gas inclusion). Our acoustic data from MESSOR include
backscatter measurements at higher frequencies (96–237 kHz) as
well, which should be used in future studies to investigate spa-
tial patterns of “broader” taxonomic functional groups like crus-
taceans and non-swimbladdered fish to improve our understanding
of mesopelagic ecosystems.
Spatial distribution of mesopelagic gas-bearing
organisms
Knowledge on vertical structures of mesopelagic organisms is lim-
ited but important for understanding functioning and roles of
mesopelagic ecosystems. From the analysed data, it is evident that
the vertical distribution patterns of DSLs and the seven different
target (cluster) types differ spatially and correlate with different bio-
geographic regions (Sutton et al., 2017; García-Seoane et al., 2021).
Sutton et al. (2017) defined global ecoregions of the mesopelagic
zone based on biodiversity and function. The south, central, and
north defined in the present study based on acoustic measurement
are situated within the ecoregions Mauritania/Cape Verde, Central
North Atlantic, and North Atlantic drift, respectively (Sutton et al.,
2017). García-Seoane et al. (2021) used trawl data from the same
cruise as in the present study, excluding southern stations (118 and
119). By multivariate analysis, they found that the mesopelagic fish
species communities were divided into two clusters: 25–37◦N (sta-
tions 122–130) and 42–48◦N (stations 133–136), corresponding to
the central and north regions, respectively, defined in the present
study.
Integrated numerical densities of targets in the mesopelagic zone
were similar in the south and central during daytime and approxi-
mately three times higher than those in the north. In the south, the
density at night was half of what was estimated during day, indicat-
ing substantial DVM. The two DSLs in the southern region both
occur within the oxygen minimum zone (OMZ; e.g. Karstensen
et al., 2008; García-Seoane et al., 2021). The observed DVM sup-
ports that organisms living in OMZs would need to migrate to more
oxygenated surface waters during night to replenish any deficit in
oxygen, while at the same time being protected from visual preda-
tors [review by Seibel (2011) and references therein]. Moreover, the
shallower distribution of DSL1 in the south fits with the hypothesis
that diel vertical migrators can reduce their migration amplitude in
low-oxygen areas, since larger visual predators tend to have higher
oxygen requirements and therefore are excluded from the OMZ
(e.g. Seibel, 2011; Bianchi et al., 2013). In the central and north-
ern regions, the density of targets in DSL1 was very similar day and
night, indicating minimal, if any, DVM to and from the layer.
Our data indicate differences in numerical densities and verti-
cal distributions of the different cluster types, which is especially
evident in the central region where a permanent DSL is observed
day and night. For example, peak densities of target types with res-
onance frequencies >60 kHz (C2 and C4–C5; Table 2 and Figure
3) occurred a bit shallower than C6 targets, which are likely larger
targets with larger swimbladders and thus a lower resonance fre-
quency. This observation is supported by previous studies that
found a positive correlation between depth of occurrence and size
of the fish (i.e. shallower occurrence of smaller fish and deeper
occurrence of larger) (e.g. Badcock and Merrett, 1976; Olivar et
al., 2012). However, ontogenetic differences in swimbladder sizes
have been observed in some mesopelagic fish species, where larger
individuals have fat-invested swimbladders and therefore smaller
swimbladders than smaller individuals (e.g. Marshall, 1960; Davi-
son, 2011), thus complicating interpretation of the acoustic data.
Mapping of the acoustic categories to taxonomic groups is further
complicated by lack of knowledge about swimbladder responses to
changes in depth: do the fish maintain close to neutral buoyancy
(i.e. swimbladder size is constant with depth) during the DVM?
This would affect the resonant frequency for a given fish at a given
depth, which already is pressure dependent. The clusters therefore
represent organisms with similar acoustic properties, rather than
taxonomic or size groupings. With that in mind, a given organism
is more likely to have similar acoustic properties with a conspecific
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The resulting frequency responses were within the TS range ex-
pected from organisms with a gas inclusion, including both swim-
bladdered fish and physonect siphonophores (e.g. Kloser et al.,
2016; Proud et al., 2019; Bassett et al., 2020). We did not have ded-
icated sampling for siphonophores on the cruise. However, nets
[Multinet MAMMOTH and a macroplankton trawl with mesh
opening of 3 mm × 3 mm (8 mm stretched; non-graded)] were
never fouled with siphonophore remnants as has been observed in
instances where siphonophores dominated the acoustic backscat-
ter (Knutsen et al., 2018), which suggests relatively low densities
of these organisms in the area. Therefore, we assume targets ob-
served in the acoustic data are mainly swimbladdered fish and
not siphonophores. The estimated swimbladder sizes (Figure 3)
were additionally within the range of previously reported values
for mesopelagic swimbladdered fish (e.g. Marshall, 1960; Saenger,
1989; Davison, 2011). There is a high possibility that the targets
that were measured 9–12 m from MESSOR were dominated by
smaller fish targets, as many mesopelagic fish species can avoid gear
(Koslow et al., 1995; Kaartvedt et al., 2012). Trawl catches from
the same area, presented in García-Seoane et al. (2021), indicated
that four species of Cyclothone (family: Gonostomatidae) consti-
tuted more than 78% of the total fish density in the studied area,
though likely underestimated due to extrusion through meshes be-
cause of their small size and slender shape (Olivar et al., 2012, 2017).
Species of Cyclothone likely do not have significant avoidance be-
haviour (Peña et al., 2020) and similar could be the case for smaller
individuals of other species.
Conclusions
Our findings of target type categories indicate that likely more
than 30% of the acoustically identified targets had resonance fre-
quencies >38 kHz and low TSs at this normally applied frequency
for density estimates of mesopelagic fish. Studies relying solely on
38 kHz data therefore run the risk of underestimating the abun-
dance of these organisms. Our results further suggest that towed
acoustic platforms are a great supplement to hull-mounted acous-
tics, both for direct density estimates via echo-counting and for ob-
taining TSs for different target groups at different frequencies, also
at depths where higher acoustic frequencies cannot reach if trans-
mitted from the surface. While hull-mounted acoustic data can vi-
sualize the whole water column and cover large areas, towed plat-
forms can provide fine-scale measurements of distribution patterns
of mesopelagic communities, though at limited spatial coverage. As
organismal assemblages are rarely uniform but consist of a mix of
species and organismal groups, data from towed acoustic platforms
could furthermore support catch data obtained from nets, which
often sample through large vertical depth strata, thus complicat-
ing identification of the depth of residence of organisms. Similar
analyses as conducted here should be applied on acoustic data mea-
sured at lower and higher frequencies to investigate ecology of other
mesopelagic organismal groups. If towed instrumented platforms
are to be used in the future as an addition to hull-mounted acous-
tic systems, avoidance of mesopelagic organisms to the platforms
should be investigated further.
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